• Exploits unscheduled hospitalizations as unanticipated health shocks in event-history model.
Introduction
A substantial share of the working age population in the industrialized world suffers from a long standing illness or disability that restricts in daily activities and/or work (Dupre and Karjalainen, 2002) . Disability prevalence rates are already high at relatively young ages. For instance, in the UK around 5% of the 20-24 year old have a long standing disability and this number increases to around 13% for the 40-44 year old and 28% for those aged 55-59 (Berthould, 2006) . Similar disability rates are found for the US (Kapteyn et al., 2007) . Disability is associated with higher benefit take up, poverty and lower employment rates. This paper focuses on the causal effect of the onset of a long standing illness or disability on employment. Employment rates are much lower for disabled workers. For instance, according to the UK Department for Work and Pensions in 2012, 46.3% of the working age disabled were employed, while this was 76.4% for the non-disabled. Similar employment gaps exist for other countries (e.g. Von Gaudecker et al., 2011, for the Netherlands) . This large employment gap is of direct importance for policies that intend to prevent the onset of disabilities and to increase the labor market prospects of people with disabilities, such as the UK's Disability Discrimination Act (DDA) or the Americans with Disability Act (ADA). Deleire (2000) , Acemoglu and Angrist (2001) and Hotchkiss (2003) study the employment effects of the ADA and Bell and Heitmuller (2005) the employment effects of DDA. If the size of the causal effect of disability on employment is large, then the potentials for programs aiming to reduce the impact of disability on employment are large. DDA and ADA are examples of such programs. Besides disability, an individual's employment status strongly depends on demographic and socioeconomic factors. Therefore, for policy purposes it is important to know how much of the difference in 1 The issue is also of interest for the large literature on the association between socioeconomic status and health (see e.g. Smith, 1999 , for a survey). Even though many economic and epidemiological studies have established a strong positive association ('gradient') between health and socioeconomic status, little is known about causal mechanisms. Assessing causal relations with observational data is non-trivial. Not only may there be direct effects of health (disability) on socioeconomic status and the other way around, but also unobserved individual specific effects can relate to both health and work. Therefore, independent variation in health is required to assess its causal effect on work.
We use accidents that have caused a visit to a hospital, an outpatient facility or a casualty department as a measure for unanticipated health shocks. These accidents include, for example traffic accidents, work place accidents, heart attacks and sport injuries. Such health shocks contain new information to the individual and thereby provide some unanticipated variation. We use this information to identify our model for health shocks, disability and work and subsequently use the model to simulate the causal effect of disability on employment and on the importance of this causal effect in explaining the employment gap that exists between the disabled and the non-disabled model. The unanticipated nature of the shocks is important for the identification of the model, but in our context this only means that the exact timing of the accident is not known in advance. It does not rule out that individuals may be aware that at some moments the risk of experiencing an accident may be higher than in other periods, for instance because this risk depends on current employment status. Also we do not require accidents to be exogenous, conditional on observable characteristics. To be a bit more specific about the model, we construct a discretetime discrete-choice model for accidents, disability and work. The transition rates between disability and work states can be affected by accidents and accidents can in turn be influenced by the individual's employment and disability status. The three endogenous variables of the model are related via unobserved components that remain fixed across time. Identification of this kind of models has been discussed extensively by Abbring and Van den Berg (2003) and Heckman and Navarro (2007) .
Our approach relates to a growing literature that uses (natural) experiments to identify causal relations between socioeconomic status and health. For instance, Lindahl (2005) used lottery prize winners and Snyder and Evans (2006) used changes in the social security law to assess the causal effect of income on health. They find small effects of income on health. This is in agreement with Case and Deaton (2005) and Smith (1998) , who conclude that the larger part of the association between health and socioeconomics status at middle and older ages is driven by an effect of health on socioeconomic status, rather than the other way around. Møller-Danø (2005) uses a propensity score and a difference-in-difference matching method to estimate the causal effect of road injuries on income and employment. She finds short and long-run effects of road accidents on employment status for men, but not for women. Lechner and Vasquez-Alvarez (2011), García Gómez and López Nicolás (2006) and Garcia-Gomez et al. (2013) use matching methods to identify the effects of work limitations on employment and income. These papers find significant negative effects of health on employment and income. There are some studies in development economics that use field experiments to assess the effects of interventions affecting health on socioeconomic outcomes. For instance, Miguel and Kremer (2004) evaluate a program of a school-based treatment with a deworming drug in Kenya. We estimate our model using data from the British National Child Development Study (NCDS). The NCDS is a longitudinal study of around 17,000 individuals born in Great Britain in the week of 3-9 March 1958. These individuals are followed from birth up to the year 2000, when they were 42 years old. At age 40 already about 12% of the respondents face a permanent disability and about 29% of these disabled are out of work. In the full sample the association between disability and employment (the employment gap) is almost 23%-points. Our results show that a health shock causally increases the probability of the onset of a disability with 172%. However, because the health shocks are rare events, the larger part of the onset of disabilities come from a gradual deterioration in health. Furthermore, we find that health shocks affect an individual's labor market status only indirectly through the onset of a disability. Model simulations show that the causal effect of the onset of a disability at age 25 on the employment rate at age 40 is −0.144. We find large differences between males and females and high and low educated workers. Male employment rates at age 40 are about 23%-points reduced due to a disability, while for females this is 12%-points. Employment rates at age 40 of low educated workers are reduced with 21%-points, while for high educated workers this is only 9%-points. We show that in the complete sample about two-third of the association between disability and employment can be explained by the causal effect of the onset of a disability on employment. The remaining one-third is selection. However, for women selection is more important in explaining the association, while for men and lower educated workers the association is mainly explained by the causal effect from disability to work.
The structure of the paper is as follows. Section 2 discusses the theoretical background and the empirical model. Section 3 introduces the NCDS data and reports on the variables used in the empirical part. Empirical results are discussed in Section 4. Section 5 concludes.
Theoretical background and the empirical model
Health production models (Grossman, 1972) or related models (e.g. Cropper, 1977; Ehrlich and Chuma, 1990; Sickles and Yazbeck, 1998; Case and Deaton, 2005) assume that individuals inherit an initial stock of health, which depreciates with age and increases with health investments. Individuals are rational agents who include expectations about their health when making health investments (such as health care consumption and work). If health trajectories are predictable, individuals anticipate that and change their behavior accordingly. So an observed change in labor market status that precedes a health transition can be the result of anticipated behavior rather than labor market status causally affecting health. An unforeseen shock contains new information to the individual and thereby provides some unanticipated variation in health that is unrelated to work status.
In this paper, we consider accidents as unanticipated health shocks providing new information to the individual. We will be more specific about the definition of accidents in the next section when we discuss the data. Such a health shock may cause the onset of a permanent disability or chronical condition. Here our approach differs from, for example, Smith (2003) and Adams et al. (2003) who use the onset of a chronic condition as a measure for health shocks. Health shocks occur at different moments in life and, therefore, our model should be dynamic. A dynamic model also has the advantage that we can substantially relax the requirements for accidents to be valid health shocks. Within our dynamic model we do not restrict health shocks to be exogenous. Instead we explicitly model the occurrence of a health shock and allow unobservables to affect jointly the probability of experiencing a health shock, the onset of disabilities and labor market outcomes. No anticipation of health shocks means that people cannot fully predict the exact timing of the occurrence of such a shock. An intuitive justification of this assumption is that if people would know the exact timing of having an accident in advance, it would be easy to circumvent having the accident.
2 This allows identifying the causal effects of the health shock on the disability and employment status without exclusion restrictions or strong functional form restrictions. Abbring and Van den Berg (2003) and Heckman and Navarro (2007) provide extensive discussions on the identification of causal effects in event-history models and discrete-time discrete-choice models, respectively. We return to identification issues later.
Empirical specification
The data contain individuals who were all born in the week of 3-9 March 1958. These individuals are followed from birth up to age 42. We have constructed individual histories from the moment the individual leaves full-time education up to the end of the observation period. For about 60% of the individuals we observe the complete history. We assume that the attrition of the other individuals is exogenous (see Section 3 for a justification of this assumption). The individual histories contain yearly information on employment status and health status. Let S l (t) denote the individual's labor market status on his/her tth birthday, which can either be working (1) or non-working (0). Since we only start following individuals after leaving full-time education, non-working does not include full-time education. The variable S h (t) denotes the health status on the individual's tth birthday, which can either be disabled (1) or non-disabled (0). The focus of the paper is on permanent disabilities (and thus we ignore short-term limitations), which makes disability an absorbing state. The health shock is denoted by the variable A(t) which equals 1 if an individual experienced a shock at age t and 0 otherwise.
Our key variables S l (t), S h (t) and A(t) are observed yearly from the moment that and individual leaves full-time education at age T 0 and remains participating in the surveys until age T 1 . So, for each individual we observe the occurrence of shocks and the transitions between four different states: (1) employed/non-disabled, (2) non-employed/nondisabled, (3) employed/disabled and (4) non-employed/disabled. Because disability is an absorbing state, transitions from (3) and (4) to (1) and (2) are ruled out. There are thus eight transitions possible. Since the data are observed at specific moments in time, we use a discrete-time discrete-choice model rather than, for example, a continuous-time duration model. The main advantage is that the model has the same time unit as the data, which avoids computational difficulties. The disadvantage of a discrete-time model is that events occur in real time and that we ignore possible dynamics within the time period. In our model we allow annual transition probabilities between states to depend on current and past health shocks. Below we sketch the setup of our model, while details are provided in Appendix A.
Health shocks do not occur exogenously. For example, those at work may be exposed to adverse working conditions, which may increase the risk of experiencing a health shock. Therefore, we allow the probability of the occurrence of a health shock in time interval bt, t+1] to depend on the individual's labor market and disability status at time t and whether or not the individual experienced a health shock in the previous period. In addition we allow the health shock probability to depend on observed characteristics at time t (x(t)) and a time-invariant unobserved component v a . The vector of observed individual characteristics x(t) includes an intercept, a set of socioeconomics characteristics and a fourth order polynomial in age. Recall that because all individuals in the data are born in the same week, the polynomial in age also includes calendar time effects such as business cycle fluctuations. We use a logit specification to model the probability of an accident at age t.
Health shocks can affect the probability that individuals move between different disability and employment states in two ways. First, there is an instantaneous effect, and second, we allow health shocks to have a permanent long-run effect.
3 Once an individual has experienced a health shock, this might affect his/her transition probabilities in all following years. Again we use logit specifications for the transition probabilities between the different disability and work states and these logit models depend again on observed characteristics at time t (x(t)) and time-invariant unobserved components (v). Because we use a separate logit specification for each possible transition, the impact of a health shock can be different for individuals in different employment and disability states. Health shocks are not only related to the transition probabilities through these effects, but we also allow for interdependence through the time-invariant unobserved heterogeneity components. The unobserved component in the healthshock probability v a may be related to the unobserved components v in the transitions probabilities. The latter accounts for endogeneity of the health shocks. We use a random effects specification for the unobserved heterogeneity, and in particular a so-called factor-loading specification to allow for correlations between the different unobserved heterogeneity terms (see Appendix A for details). Since the model is fully parameterized, we use maximum likelihood to estimate the parameters. Appendix A shows the likelihood function.
The main parameters of interest describe the effects of health shocks on disability and work outcomes. A health shock is defined in our data by a question whether an individual had "been admitted to a hospital or attended a hospital outpatient or casualty department as a result of any kind of accident". To the individual, a health shock is an event which cannot be anticipated. No anticipation in our context means that transition probabilities prior to the occurrence of a health shock are not affected by a future health shock and also not by the moment at which this health shock will occur. For example, conditional on observables and unobservables the transition probabilities at age 25 are the same if this individual experiences a health shock at age 26 or at age 40. The health shock thus does not have any impact on transition probabilities prior to the moment at which the individual has a health shock. This does not imply that health shocks are exogenous or that each individual has in each time period the same probability of a health shock. It rather implies that individuals cannot foresee the exact moment at which a health shock occurs to them. So individuals might know that in some periods the probability of a health shock is high, for example when they are employed or as they get older.
The assumption that individuals do not anticipate the exact moment of arrival of the health shock plays a crucial role in the identification of event history models. From the definition of health shocks (see above), it is clear that this measure satisfies the condition that the event cannot be anticipated. We refer to Appendix A for a more elaborate, but intuitive explanation of the identification of our model. Abbring and Van den Berg (2003) provide a formal discussion of identification in event history models.
However, a few issues are relevant. First, there might be selectivity in the decision to go to hospital after the occurrence of an accident. It is important to note that the UK has a National Health Care system and that in principle health care is accessible for all. 4 Of course, it remains an individual decision whether or not to go to hospital after an accident. For example, an individual's socioeconomic status may affect the probability that the individual visits the hospital after having experienced an accident. Such differences are controlled for by the observed characteristics and unobserved characteristics in the model for accidents. This might also imply that the effect of a health shock is not the same for all individuals. Therefore, we allow the health shock effect to depend on both observables and unobservables. We return to this issue below.
2 We used a fixed effects panel data model to investigate if accidents are related to other events such as graduation, but we could not find any strong evidence for this. 3 We also tried including medium-run effects of health shocks and more flexible specification, where the effect of a health shock depends on the elapsed duration since the occurrence of the shock. But this did not substantially improve the model. 4 It is possible to buy supplemental private health insurance. This private insurance allows individuals to have more freedom in the choice of provider, to have a private room, when hospitalized and to have shorter waiting times for specialized care. Only about 15% of the individuals have private insurance.
Second, our definition of a health shock (see the next section) is that it is an accident that leads to a hospital, outpatient or casualty department visit. Accidents that did not directly lead to hospital visits are thus included in the gradual deterioration of health. This also holds for health events that may have caused hospital care in the longer run. The distinction between gradual and sudden changes of health, therefore, strongly depends on the definition of the health shock variable. Of prime importance for our empirical analysis is the causal effect of the onset of a disability on employment and for this we require random variation in the timing of health shocks. With this strict definition of a health shock we ensure that this condition is satisfied. Third, the size of the impact of a disability on employment is for an important part determined by social insurances, and in particular disability insurance programs. Disability insurance is, like any other insurance program, subject to moral hazard and, therefore, the eligibility conditions and benefit level is important for exit rates out of employment into disability insurance. For an extensive overview of the UK disability insurance program over the years we refer to Banks et al. (2012) . Of relevance here is that UK disability insurance program is characterized by a flat rate (i.e. it is independent of previous earnings) that is only about 15% of average income, making it one of the least generous programs in developed countries. Also, over the period considered, some changes in the program have been implemented. We are following a single cohort over time and, therefore, in our model changes over time will be picked up by the age variables.
Fourth, the identification results apply in our model to the effects of health shocks on the disability and employment status. We are ultimately interested is in the causal effect of the onset of a disability on employment. For this we need that health shocks do not have direct effects on employment if the individual's health status remains unchanged. We do not impose this assumption on our model, but our empirical results (shown in Section 4), do indeed show that this is the case. The health shock causes some variation in the disability status, which in turn is used to identify the causal effect of the onset of a disability on employment status. We exploit this: after estimation of the model we simulate the model and derive estimates of the causal effect of the onset of a disability on later employment outcomes (details of the simulations are provided in Appendix C).
Besides this baseline specification of our model we also have estimated more elaborate models with heterogeneous health shock effects, i.e. models where health shocks have different effects on males, or where the impact may also vary with age and educational attainment and even where the effects depend on the unobservables. None of the parameters describing the differential effects of health shocks by gender, age and education were individually significant, making it difficult to draw strong conclusions (results available upon request). We, therefore, did not pursue this issue further.
Data

Sample
We use the National Child Development Study (NCDS), a longitudinal study that follows about 17,000 individuals born in Great Britain in the week of 3-9 March 1958. The study started as the "Perinatal Mortality Survey" and surveyed the economic and obstetric factors associated with stillbirth and infant mortality. Since the first survey in 1958, cohort members have been traced on six other occasions to monitor their physical, educational and social circumstances. The waves were carried out in 1965 (age 7), 1969 (age 11), 1974 (age 16), 1981 (age 23), 1991 (age 33) and 1999/2000 (age 42). In addition to the main surveys, information about the public examinations was obtained from the schools in 1978. For the birth survey, information was gathered from the mother and the medical records. The interviews for wave 1 to 3 (covering age 7, 11 and 16) were carried out with parents, teachers, and the school health service; while ability tests were administered to the cohort members. The subsequent surveys included information on employment and income, health and health behavior, citizenship and values, relationships, parenting and housing, education and training of the respondents. In waves 4, 5 and 6, individuals were asked to retrospectively give information on their employment, unemployment, out-of-the-labor-force and education/training periods, recording their starting and ending dates. The NCDS is, therefore, highly appropriate to look at life histories.
Our model describes transitions between disability and labor market states from the moment that individuals leave full-time education. We use a sample of 12,375 individuals who participated in the 1981-survey at age 23 and for who we can construct labor market, health and health shock histories.
5 investigate attrition from the survey by comparing low birth weight and father's occupation across different NCDS waves. They do not find any evidence for nonrandom attrition with respect to these variables. Furthermore, advisory and user support groups of the NCDS compared respondents and nonrespondents in the later surveys in terms of social and economic status, education, health, housing and demographics. It is found that the distribution of these variables among the sample survivors do not differ from the original sample to any great extent (NCDS User Support, 1991) . In addition, the 1981 sample is compared to the UK 1981 Population Censuses in terms of the distributions of key variables such as marital status, gender, economic activity, gross weekly pay, tenure and ethnicity (Ades, 1983) . The overall conclusion is that the sample appears to be representative with respect to these variables.
Dependent variables: labor market status, disability status and health shock
The labor market status is measured each year in March, around the time of the birthday of the individuals. We distinguish two labor market outcomes, employed and non-employed. An individual is considered to be employed if either the individual has a full-time or part-time job, is self-employed or on maternity leave. Also an apprenticeship scheme which is part of a job is considered as employment. Currie and Hyson (1999) , who use the same data to examine the long-run effect of low birth weight on educational attainment and labor market outcomes, find that their empirical results are not sensitive to the exact definition of employment. In Figs. 1 and 2 , we show the employment rate, the unemployment rate and the fraction of individuals out of the labor force and in full-time education at different ages for both men and women. The figures show that employment rates are higher for males, that a substantial share of the females is out of the labor force and that this fraction declines with age. For males the fraction of workers out of the labor force increases gradually with age. The unemployment rates are higher between the ages of 22-25, these ages coincide with a period when the UK experienced a severe recession.
We define a disability/longstanding illness from the response to the following question: Do you have any longstanding illness, disability or infirmity of any kind?
The respondents are asked to report whether they had longstanding illnesses, disabilities and infirmities for every year at around the time of their birthday. This implies that our data are not fully informative on short-term limitations, which might have last a few months between two birthdays. If a disability is reported, it is asked from which conditions the respondent suffered. We only consider conditions that are included in the International Classification of Diseases (ICD-9) produced by the World Health Organization (1977) . The ICD-9 is extensively used in epidemiological and health management studies to classify diseases and health problems (World Health Organization, 2004) . These include, for instance, serious disabilities that limit work/daily activities such as epilepsy, blindness, deafness, multiple sclerosis, mental retardation, a congenital condition, or a traumatic amputation or internal injury (see Appendix B for the complete list). We only consider an individual as disabled if the individual reports having the same longstanding illness, disability or infirmity for at least three consecutive years. 6, 7 Indeed, the data confirm that recovery rates after three years are negligible. , use responses to the question "How good is your health" and find that these self reports are strongly correlated to the question on the prevalence of long standing illnesses, disabilities and infirmities. Bajekal et al. (2004) show in a report commissioned by the UK Department for Work and Pensions that age-specific disability rates for employed workers do not vary much across surveys using different definitions for disabilities. Fig. 3 shows the fraction of individuals with a disability after age 16. Disability rates are very similar for men and women. At age 20 over 4% of the individuals in the sample has some disability. This increases up to about 12% at age 40. Some people already have long standing disabilities that started during childhood, but the majority of the disabilities started during working ages. In fact, the slope becomes somewhat steeper at 6 We add this condition to be sure that we have long lasting impairments. For instance, if an individual reports to have complications of pregnancy (code 11 in the ICD-9 classification) during one year, then the individual is not counted as permanently disabled. Disabilities listed in the ICD-9 code lasting more than three years are considered to be permanent. The data confirm that recovery rates after three years are very low. 7 We follow our respondents up to age 42. The extra condition that the impairment should last at least three years implies, therefore, that in the estimation of the model we only use the disability and work history information up to the age of 40. older ages, which means that the hazard of the onset of a disability becomes larger as people get older. We derive our measure for a health shock from the following question:
Have you been admitted to hospital or attended a hospital outpatient or casualty department as a result of any kind of accident?
We observe both the date of the health shock and the cause.
8 Men are much more likely to experience a health shock than women. In our sample, around 77% of the men had at least one health shock during the observation period, while this was only about 42% for women. We follow individuals for more than two decades and, therefore, quite a few respondents have experienced more than one health shock during this period. Not only the incidence of health shock differs between men and women, but also the cause differs. Table 1 lists health shocks by cause and gender. For each cause men are much more likely to experience a health shock than women. The most substantial difference in incidence rates occurs for work and sports-related accidents. Because of this large share of work-related accidents, it is particularly important in our empirical analyses to allow the health shock probability to depend on labor market status. Fig. 4 plots annual incidence rates by age and shows that for both men and women the probability of a health shock is relatively high until the mid-twenties and drops substantially afterwards. We use the annual labor market status and disability status to classify each individual in each year in one of four states: (1) work and disabled, (2) non-work and disabled, (3) work and non-disabled and (4) non-work and non-disabled. In Fig. 5 we show for different ages the fraction of individuals in each state. At all ages most individuals are employed and non-disabled. At later ages the fraction of individuals in the non-work non-disabled state decreases while the fractions of individuals increase in both disabled states (either with or without work). The figure shows a fall in employment rate at ages 22-25, this is in line with the observed patterns in Figs. 1 and 2 . Our empirical model is specified in terms of yearly transition probabilities between the different states. Table 2 provides a summary of the yearly transitions for both men and women. The table shows that there is a high degree of serial correlation and that individuals are much more likely to change labor market status than disability status. The table also shows that 16.8% of the men with a disability find a job in the subsequent period. This means that there remain employment opportunities for people with a disability. However, note that this number should be contrasted with the 41.9% of non-disabled workers who find a job in the next period. For females the differences between the job-finding rate of disabled and non-disabled workers is much smaller (12.8% versus 19.3%). Of course, these differences reflect associations and cannot be given any causal interpretation. Furthermore, we cannot distinguish between differences in which disabled and non-disabled workers search for work and the probability of finding work given a particular search level.
Background variables
The role of (early) childhood conditions in explaining later life health and socio-economic status is well documented (see, for instance, the literature reviewed in Almond and Currie, 2011) . The NCDS is very rich on individual characteristics and particularly on childhood characteristics. For each individual we observe a range of variables that give information on an individual's birth weight and health, cognitive ability and socioeconomic background in childhood. In constructing the relevant background variables we follow the definitions used by and Currie and Hyson (1999) . Table 3 provides sample means on these variables. For many variables there is 8 The questionnaire restricts the number of accidents that can be reported to 8 in the 1981-wave and 6 in the 1991 and 1999/2000-wave. In each wave only between 1 and 2% of the individuals actually reports this maximum. For each individual we observe the educational attainment. The level of education is derived by compiling an education variable with categories aggregated to national vocational qualification levels. We include the following categories: less than O-level, O-level equivalent, A-level equivalent and degree equivalent. In general, O-level exams are taken at age 15/16 and A-level exams two years later. Degree equivalent implies that the individual has additional education on top of secondary education.
The family's socioeconomic status is derived from the father's social class at birth. The social class corresponds to a system used by the British Registrar General and consists of: professional, supervisory, skilled non- 9 The alternative is either to leave covariates which are missing for some individuals out of the model or to drop individuals with missing observations from the data. The role of covariates in our model is to account for as much individual variation as possible. Covariate effects should therefore also be interpreted as associations rather than as causal effects. manual, skilled manual, semi-skilled non-manual, semi-skilled manual, and unskilled. We classify socioeconomic status as high if the father is in a professional, supervisory, skilled non-manual job; medium if the father is in skilled manual, semi-skilled non-manual; and low if the father is in a semi-skilled manual and unskilled job. Following Currie and Thomas (1999), we classify individuals whose father's information is missing by the mother's social class. In case the social classes of both parents are missing, we assign the individual to low socioeconomic status if the mother was single and to missing if both parents were present.
Low birth weight is a dummy variable for infants with a birth weight below 2500 g. There is evidence from the epidemiological literature that low birth weight is strongly associated with infant and later life mortality (World Health Organization, 2004) . Low weight at birth can be the result of either preterm birth (before 37 weeks of gestation) or restricted fetal growth. In the empirical analyses we do not make a distinction between these two categories. We create a dummy variable that indicates if the mother smoked after the fourth month of pregnancy. Smoking during pregnancy has been found to be related with cognitive deficiencies and other health problems in the medical and epidemiological literature (see for instance Blair et al., 1996; Conter et al., 1995; Naeye and Peters, 1984; Williams et al., 1998) . Furthermore, we observe the mother's age at birth. Mother's age at the child's birth can influence the child's health through, for instance nutritional deficiencies if the mother is very young, or delivery complications if the mother is older. Therefore, in the empirical analyses we include also the mother's age at birth squared. We use the region at birth to control for geographical differences and/or differences in labor market conditions.
For each individual we observe test scores on math and social adjustment at age 7. The math test is designed for the NCDS and assesses arithmetic ability. The score ranges from 0 to 10. Currie and Thomas (1999) show that test scores at the age of 7 have significant impacts on later education attainments and labor market outcomes. The Bristol Social Adjustment Guide is designed to assess the child's social behavior in school and at home. The test is completed by the teacher who knows the child best. Higher scores indicate higher maladjustment. Tables 4a and 4b show the parameter estimates of our model. In Fig. 6 we show some indication for the fit of our model. In this figure we compare the observed data to model predictions. 10 The model predictions manage to pick up the general life cycle trends in employment and disability. Only around age 23/24 the model has difficulties with matching the fluctuations in observed employment rates. We start with a brief discussion of the results for the mixing distribution (unobserved heterogeneity). The parameters of this distribution Table 4b for the number of observations and the value of the log likelihood function.
Results
Parameter estimates
10 Our model describes transitions between health and labor market states after having left full-time education. We have estimated a multinomial logit model for the first state after leaving full-time education. are reported in the lower panels of Tables 4a and 4b . Almost all parameters of the mixing distribution are highly significant, indicating the importance to allow for a stochastic relationship between disability, work and health shocks. Recall from Eqs. (3a) and (3b) that we impose a factor-loading specification with two elements that each can take on two values. We have tried to add additional elements to the model, but this increased the computer time for estimating the model substantially while only marginally improving the fit of the model. 11 The additional parameters are jointly significant at the 10% level. For each transition we thus have four mass points. The first mass point is normalized to 0 because each model equation includes an intercept. Most probability mass (about 42%) is located at mass point 2, describing individuals with a low probability of experiencing health shocks. Mass point 3 has less probability mass (about 10%) and describes individuals who are most likely to get a health shock. It is not straightforward to detect a clear pattern in the effects of the unobservables in the transition probabilities. But compared to mass point 1, all other mass points describe individuals who are less likely to get disabled and who are more likely to stay in employment or move to employment if the health status remains unchanged. Table 4a shows the parameter estimates from the logit specification for the probability of getting a health shock. Employed individuals have about a 41% (=exp(0.342) − 1) higher probability of getting a health shock. Recall from Table 1 that indeed a substantial share of the health shocks is work-related. The health shock rate of an individual with a disability is only about 5% higher than the health shock rate for a nondisabled person. Males are more than three times more likely to get a health shock than females. This is also what we directly observe in the data when comparing males and females (see Table 1 ). Apparently, differences in background characteristics between males and females cannot explain the differences in health shocks rates. The age coefficients indicate that the probability of getting a health shock decreases up to age 37 and increases afterwards. The socioeconomic characteristics of the parents of the cohort member all have significant impacts on the health shock rate. Individuals with medium socioeconomic status and whose mother smoked during pregnancy have higher health shock rates. The health shock rate also increases with the age of the respondent's mother at birth. Individual characteristics are also important. We find significant effects for birth weight, region and the test scores and education. Most of these effects are in line with a priori expectations. We find a somewhat puzzling effect of the math test score at age 7. Individuals with a higher test score have higher health shock rates. It should be noted that the coefficients purely reflect associations and that one should not connect a strong causal interpretation to these findings.
11 The Akaike information criterion rejects including additional unobserved heterogeneity terms. Table 4b shows the parameter estimates of a multinomial logit model for the transitions between different labor market and disability states. The main parameters of interest are the parameters describing the effects of health shocks on transition probabilities. We allow health shocks to have a direct instantaneous effect and a long-run effect. The estimated coefficients for the instantaneous effects are almost always larger than the estimated coefficients for the long-run effects.
12 Furthermore, the instantaneous effects of the health shocks are largest on the transition rates from the non-disabled states to disabled states. The estimated coefficients for transitions between employment states where the disability status remains the same are much smaller. The long-run effects mainly show that in the long-run health shocks not only have an effect on the disability status, but also on the employment status.
Simulations
Interpreting the coefficients separately in non-linear models with multiple states is difficult. Therefore, to illustrate the impact of a health shock we consider a representative individual and perform calculations with the estimated model. 13 The details of the simulations are described in Appendix C. Suppose this individual did not experience a health shock until age 23. The probability that this individual is non-disabled at his/her 24th birthday is 0.933 (with standard error 0.00034 computed using the Delta method). Without experiencing a health shock at age 24 the probability of becoming disabled before his/her 25th birthday is 0.0025 (s.e. 0.000062). However, if the individual did experience a health shock at age 24, this probability becomes 0.0069 (s.e. 0.00015). So the health shock increases the instantaneous onset of a disability with around 172% (s.e. 20%). The t-test for significance of the impact of a health shock on the onset of a disability is 8.58, which implies that a health shock not only has a very substantial effect, but the effect is also strongly significant. Not only has a health shock an instantaneous effect on disability rates, but the effect is also long lasting. More specifically, if this individual does not get any other health shock, then with a health shock at age 24, the disability rate at age 40 is 0.141 (s.e. 0.0022).
The disability rate at age 40 equals 0.128 (s.e. 0.0018) if the individual never had a health shock. We can conclude from this that health shocks are important for the onset of disabilities and that there are both shortrun and long-run effects. The occurrences of health shocks are relatively rare events. Until age 40 men experience, on average, about 2.4 health shocks and women only 0.8. Model calculations show that health shocks can only account for about 12% of all disabilities at age 40. Hence, the larger part of long standing disabilities arises from a gradual deterioration in health. As discussed in Section 2, the definition of a health shock plays an important role here. In our definition a health shock should lead to a hospital, outpatient or casualty department visit. Health events that did not directly lead to hospital visits are thus included in the gradual deterioration of health. This strict definition of the health shock was required for the identification of the model (see Section 2), but as we now see, this also comes with a price. The instantaneous effect of a health shock on employment rates is negligible. Consider again a non-disabled 24 year old individual. We compare the situation where this individual does not experience a health shock with the situation where s/he does experience a health shock. To get the instantaneous effect of a health shock on employment we assume that the health shock does not lead to a disability (i.e. at his/her 25th birthday the individual is still non-disabled). In this case the employment rate at age 25 is 0.805 (s.e 0.0018) with the health shock compared to 0.804 (s.e. 0.0018) without a health shock. This difference is very small and not significant. There are, therefore, two potential ways in which a health shock can affect employment in the long-run. First, the model allows for permanent effects and second the effect can run via the onset of a disability. We find that long-run direct effects of health shocks on employment rates are also extremely small. An individual who receives a health shock at age 24 and who does not become disabled in later years has only a 1.1 percentage point lower employment rate at age 40 (the employment rates at age 40 falls from 0.890 (s.e 0.0020) to 0.879 12 The long-run effects increases transition probabilities in each year following the health shock, while the instantaneous effects only have an effect in one year. So even though the estimated coefficients of the instantaneous effects are larger, long-run effects can be more larger when the observation period is sufficiently long. 13 In fact, we simulate the model for all individuals and compute averages over all individuals. (s.e. 0.0024)). Now suppose that this health shock actually leads to a disability at age 25, then the employment rate at age 40 is 9 percentage point lower (the employment rate falls from 0.890 (s.e. 0.0020) to 0.799 (s.e. 0.0078)).
The results above show that (i) health shocks do not have a direct effect on employment if the individual's disability status remains unchanged and (ii), health shocks have an effect on disability status and thus cause some variation in the disability status. We exploit this additional variation in disability due to the health shock to calculate the causal effect of the onset of a disability on employment. More specifically, we use the model estimates to calculate for each individual in the sample a Local Average Treatment Effect (LATE). Details on the simulation exercise can be found in Appendix C. The treatment that we consider is a health shock at age 24 and no additional health shocks at later ages. The causal effect of the onset of a disability at age 25 on the employment rate at age 40 is then defined as:
The onset of a disability at age 25 causes a significant reduction in the probability of being employed at age 40 by 14.4 percentage points. This estimator exploits the estimated causal effects of the health shocks on the different transition probabilities. However, it provides an estimator for individuals at the margin where a health shock triggers the onset of a disability. The LATE interpretation of the estimator strongly depends on the monotonicity assumption (see Imbens and Angrist, 1994) , which can be easily checked in our model.
14 Indeed, we do not find evidence for violation of the monotonicity assumption. Given our model specification violation of monotonicity would be unlikely (but not impossible) given we only model permanent disabilities and that we impose that health shocks are unanticipated.
We can compare this estimate to an alternative estimate, which is derived from taking the difference in employment rates between those who become disabled at age 25 and who do not. The reduction in employment rates at age 40 due to the onset of a disability at age 25 is 0.205 (0.00478) . 15 This estimate is substantially larger and much more precise than the estimate for the local average treatment effect above.
Heterogeneous effects
Recall that the raw data do not show any difference in disability rates between males and females, but males have much higher health shock risks. Also the types of health shocks differ between males and females. This might imply that health shocks have different effects for males and females. Therefore, we estimate separate models for males and females. We also estimate separate models for high educated (A-level and Degree equivalent) and low educated (O-level and below). High educated and low educated individuals have different types of jobs and may work in different sectors and therefore the causal effects of the onset of a disability on employment may differ. We do not show the parameter estimates for these models, but only show the results from simulation experiments in Table 5 .
From Table 5 we see that there is no difference in disability rates at age 40 between men and women (column three), but that women have much lower employment rates (column two). Until age 40 men experience, on average, three times as many health shocks as women (column four) and for men a health shock is more likely to cause a disability (column five). This implies that for men a much larger share of the disabilities is explained by health shocks. Low educated individuals have lower employment rates and higher disability rates than high educated individuals. There is no substantial difference in the health shock rate of high and low educated workers, but for low educated a health shock is more likely to trigger the onset of a disability. Table 5 shows that the causal effect of a disability on employment differs with respect to gender and education (column six). The onset of a disability has a large and significant causal effect on employment rates of male and lower educated workers. For females and higher educated workers smaller and insignificant effects are found. Note that women have low health shocks rates, so for them we observe much fewer health shocks than for men causing that standard errors are higher. The relatively small and insignificant effect for females may be explained from differences in the type of jobs that men and women are holding. In our analyses we do not make a distinction between part-time and full-time work. Females are more often employed in part-time jobs and it may be easier to continue working in these jobs after the onset of a disability. Also, females have lower participation rates and the marginal working female may be different from her male counterpart. The difference between low and high educated individuals may (again) be due to the different type of jobs and characteristics of the working environment. For instance, continuing working with a chronic condition may be easier for a high educated worker in the service sector than a low educated construction worker.
Column seven of Table 5 reports the difference in employment rates between different groups of workers. This difference is derived from a direct comparison of the employment rate between disabled and nondisabled workers and thus consists of a causal impact of the disability and differences in background characteristics. 16 So this is employment gap merely reflects an association between disability and employment outcomes. For the full sample 14.4 percentage points of the 22.9
14 For each individual, we can simulate for a health shock at each age if the occurrence of a shock causes that the individual is not less likely to become disabled. This is indeed the case. 15 So we use Pr(S l (40) = 1|S h (25) = 1) − Pr(S l (40) = 1|S h (25) = 0). Note: The employment rate at age 40, the disability rate at age 40 and the number of health shocks (until age 40) are based on simulating the model. The effect of a health shock on the onset of a disability reflects the effect of an accident at age 24 on the disability rate at the 25th birthday. The effect of a disability on employment is the causal effect of the onset of a disability at age 25 on the employment rate at age 40 computed using the Wald estimator. And the association of disability and employment is based on simulating the model and taking the difference in employment rate at age 40 of those who were and were not disabled at age 25 (this is thus non-causal).
16 More precise, we simulate our model for all workers in our sample and we compute the employment gap at age 40. This association is thus the consequence of both the causal effect of a disability and differences in observed and unobserved background characteristics.
percentage point difference in employment rates between disabled and non-disabled workers is due to a causal effect. The remainder is due to different observed and unobserved background characteristics of disabled and able bodied workers. For males virtually all of the employment gap between non-disabled and disabled workers can be explained by the causal effect, whereas for females the difference in employment rate is primarily due to differences in background characteristics. This implies that for males policies directly aimed at disabled workers, such as the UK DDA or the US ADA, may be more effective than for females. For females other factors are largely explaining the association and hence policies aimed at disabled workers (like workplace accommodations) may not be effective in increasing employment rates. We find similar results for the different education groups. For lower educated workers, the employment difference between non-disabled and disabled workers is substantial (about 27 percentage points) and the larger part of this employment difference can be explained by the causal effect of disability on work. This finding corresponds to Case and Deaton (2005) , who argue that health related absences from work are important for the differences in socioeconomic outcomes (like income and work) and that this effect is stronger for workers in manual occupations. Indeed, we find that for higher educated workers the employment gap is much smaller (only about 11 percentage points). The larger part of this employment gap can be explained by the causal effect, but it has to be noted that the causal effect is not significantly different from zero.
Conclusions
In this paper we focus on the relation between disability and employment outcomes and particularly the causal effect of disability on employment. We have developed an event-history model that describes transitions between disability and work states and we allowed the transitions rates to be affected by accidents. These health shocks are endogenous in the sense that their arrival depends on the same observed and unobserved characteristics that affect the transition rates between health and employment states. As measure of the health shocks we have used accidents that caused admittance to a hospital, hospital outpatient or casualty department. We have exploited the unanticipated nature of these accidents to identify the causal effect of such shocks on the onset of a disability and subsequently the causal effect of the onset of a disability on later employment.
The empirical results show that health shocks substantially increase the probability of the onset of a disability, but health shocks have no direct effect on employment (if the health status remains unchanged). Even though a health shock has a large effect on the onset of a disability, the fact that our health shocks are rare events causes that only about 12% of all disabilities at age 40 can be explained from the occurrences of these health shocks. The causal effect of the onset of a disability at age 25 on employment rates at age 40 is in the complete population − 0.144. When estimating separate models for men and women and high and low educated individuals, we found that the onset of a disability has a much larger causal impact on the employment rates of men and low educated than their counterparts.
Finally we have compared the causal effect of the onset of a disability on employment to the association between disability and employment. The latter is the gap in employment between non-disabled and disabled workers, which includes not only the causal effect of disability on employment but also differences in observed and unobserved individual characteristics. Our analyses show that within the complete sample about two-third of the association between disabilities and employment can be explained from a causal effect of disability on employment. This percentage is much lower for women implying that for women observed and unobserved heterogeneity is the primary cause for the association between disability and employment. For males and lower educated workers the larger part of the employment gap can be explained by the causal effect of the disability on employment. This may imply that for these groups policies that aim directly at getting disabled workers back to work can be effective. 
Since disability is an absorbing state this transition probability equals 0 if m is disabled and j is non-disabled. The parameters η (i,j),(k,m) describe the instantaneous effects of a health shock on the different transition probabilities, while the parameters μ (i,j),(k,m) describe the permanent effects of ever having experienced a health shock. The impact of a health shock can thus be different for individuals in different employment and disability states. Health shocks are not only related to the transition probabilities through these effects, but we also allow for interdependence through the time-invariant unobserved heterogeneity components. The unobserved component in the health-shock probability v a may be related to the unobserved components in the transitions probabilities v (i, j)(k,m) , ∀ i,j,k,m. We use a random effects specification for the unobserved heterogeneity, and in particular a so-called factor-loading specification to allow for correlations between the different unobserved heterogeneity terms. When estimating the model we take two random factors (w 1 ,w 2 ), which both have two discrete mass points at 0 and 1. The parameters θ 1 and θ 2 denote the probability that the variables w 1 and w 2 take the value 1, respectively. The unobserved heterogeneity terms follow 
The factor-loading specification implies that the term v a equals 0 with probability (1 − θ 1 )(1 − θ 2 ), v a = α a1 with probability θ 1 (1 − θ 2 ), v a = α a2 with probability (1 − θ 1 )θ 2 and v a = α a1 + α a2 with probability θ 1 θ 2 . The terms v (i,j), (k,m) are defined in a similar way. The unobserved heterogeneity could, for example, pick up the difference between white and blue-collar workers, where the blue-collar workers might have higher probabilities of being disabled and non-employed and a higher incidence rate of health shocks. The parameters α a and α (i, j)(k,m) determine the sign and the magnitude of the correlation between the accident rate and the transition probabilities. These parameters are estimated along with the other model parameters (as well as the parameters ϑ 1 and ϑ 2 ).
work they can do, the age of the disability onset and the type of disability. Disability types are coded according to the international classification of disease (ICD-9) produced by the World Health Organization (1977) .
The ICD is extensively used in health studies and is grouped into 17 broad categories:
